In this study, an integrated approach involving multiple standardized indicators and hydrological modeling (Soil and Water Assessment Tool, SWAT) was evaluated to reconstruct and characterize meteorological, agricultural and hydrological droughts in Upper Kafue River Basin of Zambia during 1984-2013. Standardized Precipitation Index (SPI) and Standardized Precipitation Evapotranspiration Index (SPEI) were used to identify meteorological droughts. Standardized Soil Moisture Index (SSI) was applied to characterize agricultural droughts and Standardized Runoff Index (SRI) was calculated to illustrate hydrological droughts. Input data for SRI and SSI computation was obtained from SWAT model which simulated daily and monthly runoff well with Nash-Sutcliffe efficiency (NSE) and coefficient of determination (R 2 ) greater than 0.65. The results showed that: (1) all indices were able to detect temporal variability of major drought events in a humid subtropical basin in Southern Africa; (2) SWAT successfully simulated runoff and soil moisture although soil moisture requires further calibration to increase accuracy; (3) the average duration and intensity for meteorological droughts at three-month time scale were lower but frequencies were higher compared to agricultural and hydrological droughts at 3-and 12-month aggregates; and (4) drought events exhibited a negative trend as evaluated by Mann-Kendall on SPEI, indicating an increase in drought severity, and correlation analysis between SPEI and SRI revealed that SPEI at 9-15 months has a strong link with hydrological conditions. This study showed that a comprehensive assessment of droughts by integrating multiple variables provided a versatile tool for drought monitoring and mitigation.
Introduction
Droughts are by far the costliest natural disaster and threat to water availability in the world [1] . In recent years, impacts of droughts have been experienced and monitored in many countries; they have led to devastating social, economic and environmental challenges such as increase in famines, energy crisis, reduced water supply and destruction of ecosystems [2] . Due to climate change, among many factors, it is projected that the intensity and recurrence of weather related disasters such as droughts will increase [3] . Further, population growth coupled with economic development has continued to put pressure on available water resources [4] . This prompts the need for prudent water resource strategies, which must incorporate drought management [5] . A good understanding of spatial and temporal characteristics of droughts at basin, regional and national level is required for efficient water resources management. Additionally, stringent quantitative assessment of droughts aid in reducing societal vulnerability by identifying triggers that apply for successful mitigation and preparedness [6, 7] .
Drought is a severe, recurring natural hazard that results in water deficit across the different components of the hydrologic cycle. It is a phenomenon that occurs in all climatic regions and presents unique challenges due to its distinctive attributes [8] . Four categories of droughts have been defined based on how the hydrological cycle is affected [9] : meteorological droughts, agricultural droughts, hydrological droughts and socio-economic droughts. Meteorological droughts occur when less than normal precipitation is received over a prolonged period, whereas agricultural droughts develop whenever there is insufficient soil moisture, thereby affecting forage and crop growth. Hydrological droughts eventuate when a region experiences below average surface and groundwater supplies over time; however, socio-economic droughts are triggered whenever there is failure of supply of goods and services that rely on water availability due to water deficit [9] . The first three drought definitions are based on a deficiency of different variables of the hydrological cycle and describe physical features of droughts. Even if all droughts originate from a precipitation deficiency, it is not enough to solely depend on this single variable to monitor and characterize drought events because other factors such as relative humidity, temperature and wind also play a vital role. It is therefore important to integrate precipitation and other climatic variables with water information, such as streamflow and soil moisture for effective monitoring of droughts [5, 9] . Consequently, a comprehensive evaluation of droughts has to encompass meteorological, agricultural and hydrological droughts to have thorough understanding of a drought episode and how it impacts the various sectors [10] . However, one of the biggest challenges faced is having insufficient data, especially in data scarce regions. In order to overcome this shortcoming, the incorporation of hydrological models in drought studies has gained prominence [11, 12] .
Numerous indicators have been proposed to evaluate droughts such as the Standardized Precipitation Index (SPI) [13] , Standardized Precipitation Evapotranspiration Index (SPEI) [14] , Palmer Drought Severity Index (PDSI) [15] , Soil Moisture Index (SMI) [16] , Reconnaissance Drought Index (RDI) [17] and Standardized Runoff Index (SRI) [18] . Among these, PDSI and SPI are the most widely applied [17] . The complexity of calculation varies among indices, from single input variable for an index such as SPI to two or more variables for SPEI and PDSI, respectively. All these indices have their advantages and limitations but, when a combination of key indicators is applied for assessment, their combined strength compensates for limitations [8] .
In this paper, the Upper Kafue River Basin (UKRB) in Zambia is taken as the study area due to its ecological, economical and geographic importance. Recent research has shown that occurrence of extreme weather events have been on the increase in the country [19] . UKRB is part of the Kafue River Basin (KRB), which is a sub-basin of the large Zambezi River Basin in Southern Africa [20] . KRB is the most industrialized region and about 50% of Zambia's population live there [21] . It supports the majority of industrial, municipal water supply, agriculture and mining activities. Additionally, KRB is a vital habitat for a wide variety of animals and plants [20, 22] . Therefore, there is great reliance on water resources, especially surface water but the threat of varying climatic conditions, more specifically droughts have made the region vulnerable to drought conditions and increased competition for the already scarce water resources [23] .
Despite these challenges, the number of studies focusing on droughts in Zambia is limited with varying focus. Due to data scarcity, among other reasons [24] , most studies are either at national or international scale. The known studies applied the theory of runs method to assess precipitation [25] [26] [27] [28] and streamflow deficits [29] . All the studies agree that droughts are becoming a recurrent feature, and that, to minimize impacts, pre-planned measures have to be taken. However, there is still no documented research done at regional scale, in particular, at basin level to investigate droughts, and lack of data is a possible hindrance to application of appropriate methods. This inadequacy in knowledge can be an obstacle in designing effective drought identification, monitoring and mitigation systems, which are a prerequisite for sustainable water resources usage and planning. Thus, need arises to study drought characteristics at a finer resolution and understand river basin dynamics during drought events. Moreover, at the time of this research, no known study was found to have investigated meteorological, agricultural and hydrological droughts simultaneously.
With this state of affairs, the present investigation attempts to: (1) understand characteristics of droughts in humid subtropical UKRB; (2) evaluate the capability of standardized drought indices representing different types of droughts in assessing drought variability during the period 1984-2013; (3) examine the applicability of Soil and Water Assessment Tool (SWAT) model for agricultural and hydrological drought studies in the basin; and (4) assess drought trends and explore the relationship between SPEI and SRI to understand the interaction between meteorological and hydrological droughts. It is expected that results from this study will be important in regional drought management and water resources planning, especially in data scarce regions.
Materials and Methods

Study Area
UKRB is located on the upper reaches of Kafue River and extends to the area before Itezhi-tezhi dam ( Figure 1 ). It occupies an area of 104,514 km 2 which represents about 67.4% of Kafue River Basin's total land area. UKRB is located between latitude 11 • 36 S and 15 • 47 S and between longitude 25 • 18 E and 28 • 55 E. The Kafue River originates close to the border between Zambia and Congo in North-Western Province, and it flows southwards through dams at Itezhi-tezhi and Kafue gorge before joining the Zambezi River. Both dams are used for hydro-power generation [30, 31] . Flow in UKRB is highly natural and unregulated hence a hydrological model can be applied for flow prediction with more accuracy. Elevation ranges from 1000 to 1570 m a.s.l., with higher elevation in the north descending southwards. There are four main types of vegetation: dense Miombo woodland, Mopani woodlands, Kalahari Chipya and dry evergreen Miombo, of which 80% of forest area is Miombo woodland which is dominated by Isoberlinia, Brachystegia and Julberna species. Land use and cover are influenced by impacts of the mining industry, its related industrial and urban activities. The land surface is characterized by a smooth plateau surface with subdued slopes, scattered inselbergs and shallow and wide drainage patterns [31] . The geotectonic profile of KRB comprises 65% crystalline and meta-sedimentary basement complex. Due to chemical weathering, Saprolite rock was produced whose thickness range from 25 to 60 m. This rock formation has a great influence on the hydrology of the basin. The geologic formation of UKRB includes basement complex, muva-conglomerate, small areas of alluvium and Kalahari sands and Kundelungu limestone [31, 32] . The main soils are loamy-sand and clay. Soils in most dambo areas are characterized by a dark color due to high organic content in the top 30 cm of the profile [33] . Top soil layers have high permeability and infiltration capacity, thus surface runoff is generally low, unless when a high intensity precipitation event occurs. However, the recharged top aquifer quickly feeds streamflow through baseflow and subsurface flow when soil moisture requirements are met. Zambia experiences humid subtropical climatic conditions, characterized by hot humid summers and mild to cool winters with moderate seasonality. Precipitation is influenced by the Inter Tropical Convergence Zone and El Niño Southern Oscillation. Mean annual precipitation and rainy days range from 657 mm and 68 days to 1402 mm and 142 days. Precipitation varies spatially and reduces from north to south, with high intra-seasonal variation. Two distinct seasons are experienced: the rainy season (November to April) and dry season, which is subdivided into dry-cold season (May to August) and dry-hot season (September to October) [31] . By taking the mean of regional monthly temperature and rainfall in the upper basin from 1984 to 2013 (Figure 2 ), the average annual temperature and rainfall are 20.9 • C and 1048.8 mm, respectively. 
Sources of Data
Observed monthly precipitation and temperature data from four meteorological stations were collected from the Meteorological Department of Zambia, which is under the Ministry of Transport, Works, Supply and Communications. The obtained data covered a period of 30 years from 1984 to 2013. Locations of these stations are shown in Figure 1 and Table 1 . Station precipitation and temperature was then aggregated into regional time series using Thiessen polygon method [34] . Calculated regional precipitation and temperature time series were compared to each meteorological station using Pearson correlation (R) to ensure that there was no inhomogeneity. Table 1 shows high correlation factors for all stations (R ≥ 0.91). [35] . The land use map was derived from USGS Land Cover Institute (LCI) on (http://landcover.usgs.gov/). Furthermore, the spatial distribution of soils was obtained from the Digital Soil Map of the World on (http://www.fao.org/soils-portal/soilsurvey/soil-maps-and-databases/harmonized-world-soil-database-v12/en/) [36] . All maps were processed in ArcGIS (ArcGIS 10.1, ESRI, Redlands, CA, USA). Daily weather data for four stations corresponding with locations for meteorological stations in UKRB were obtained from the SWAT weather database (http://globalweather.tamu.edu/). Precipitation and temperature were corrected for upward biasness using a constant multiplication factor by comparing with observed records.
Observed discharge data of daily and monthly streamflow for two stations was collected from Department of Water Affairs (DWA), under Ministry of Mines, Energy and Water Resources. Machiya hydrological station has 14 years (1986-1999) of monthly time series data and Hook Bridge station, which is the key hydrological station on the downstream before Itezhi-tezhi dam has 20 years (1986-2005) of daily and monthly streamflow data.
Methodology
Drought Indices
Standardized drought indices were selected to evaluate different types of droughts. Meteorological droughts were evaluated based on SPI and SPEI. Agricultural droughts were assessed with Standardized Soil Moisture Index (SSI) and SRI was selected to monitor hydrological droughts. Indices were calculated at 3-and 12-month time-scales. Generally, standardized drought indices are computed at 1-, 3-, 6-, 9-, 12-and 24-month time scales but can be calculated on any aggregate depending on application [37] . Indices calculated at short time-scales (1, 3 and 6 months) explore short term seasonal approximation of precipitation and moisture conditions which have an effect on agriculture. Indices on longer time scales (9, 12 and 24 months) are more indicative of hydrological conditions (runoff, reservoir levels and ground water) and social-economic effects [18, [37] [38] [39] . In addition, for SRI, indices on short time scale are recommended for basins that have natural flow while longer aggregates (annual and interannual) are suitable for large basins with unnatural flow conditions due to artificial regulation.
The SPI was developed to define and characterize droughts at multiple timescales using precipitation as input data [13] . SPI is computed by fitting long term precipitation records to a gamma probability density function which is transformed to a normal distribution. The transformed probability gives the SPI values which mainly vary from −2 to 2, although it is possible to get values that can be >2 or <−2. SPI calculation requires at least 20-30 years of monthly data; longer periods of input data give better results [40] . The World Meteorological Organization recommended the use of SPI as standard indicator to be used by all country Meteorological and Hydrological Services (NMHS) around the world to quantify meteorological droughts [37] . One of the advantages of SPI is that only one input variable (precipitation) is required for analysis, hence in data scarce regions, it is a reliable indicator to apply [37] . More details on calculation of SPI are provided in reference literature [13] .
The concept used to compute SPI was extended to calculate SRI and SSI. Both indices use the procedure of fitting a probability distribution to data and transforming it to normal distribution. They are also quantified on multiple time scales similar to SPI. SRI was proposed to account for hydrological processes and conditions during drought episodes, SRI uses runoff time series as input data [18] . Input data for SRI and SSI computation was derived from the hydrological SWAT model. SPEI is a multiscalar drought index based on precipitation and temperature. It adds the influence of potential evapotranspiration (PET) in a drought indicator [14] . SPEI considers cumulated anomalies of the climatic water balance. A simple status of the water balance is calculated as the difference between precipitation and potential evapotranspiration for the assessed month given by Equation (1).
Monthly PET is calculated by the Thornthwaite equation:
where P is monthly precipitation, PET is monthly potential evapotranspiration, T is mean temperature and I is the heat index calculated as the total of 12 monthly index values, m is a coefficient that depends on heat index and K is a factor of correction calculated as a function of the month and latitude. The computation of SPEI is similar to SPI; the only difference is that it includes the influence of temperature to incorporate temperature changes on drought analysis. Due to limited observed data for this study, Thornthwaite equation was used to calculate PET since it only requires mean temperature and latitude to process. Detailed description of SPEI can be accessed in related literature [14] .
Classification for all the above mentioned indices is as described for SPI [13] . This is outlined in Table 2 . 
Drought Evaluation
Drought events for all indices are defined based on the work on SPI [13] since they all follow the same computation principals. A drought occurs when the SPI is continuously below zero and reaches a value of −1.0 or below and ends when SPI value becomes positive [13] . Whenever a drought event has been detected with a start and termination month, drought properties such as duration, intensity and frequency can be determined.
Drought variables are defined based on the concept of the run method [41] . The duration of a drought event equals the number of months between its start and end (not included). Severity is the absolute value of the sum of index values during a drought event and Intensity is obtained by dividing severity with duration while frequency of droughts refers to the number of drought events divided by total number of years of the study period.
Trend Analysis
The non-parametric, rank based Mann-Kendall (MK) test is used to detect monotonic trends of SPEI and SRI indices. MK test determines if a series of observations of a random variable is generally increasing or decreasing with time at different levels of significance. Advantages of using MK test include: it is robust, requires data to be independent, and can accommodate outliers [42, 43] . MK test statistic, S and sign function are calculated by:
where n is the size of sample and x is a data point
The variance of S is given by the equation:
For n >10, the Z statistic is computed by:
The significance of the trend can be evaluated using the Z-value, where Z is the standardized value of Z statistic as suggested by [43] . A positive value of Z signifies increasing trend while a negative value indicates decreasing pattern.
Mann-Kendall test requires serially independent data. If data are not serially independent, MK test has to be used in conjunction with pre-whitening to eliminate the influence of serial autocorrelation on the trend detection of data series [44] [45] [46] . In this study, we applied autocorrelation function (acf) and partial autocorrelation function (pacf) on SPEI and SRI series using R (R Project, University of Auckland, Auckland, New Zealand) to investigate presence of serial correlation. However, autocorrelation plots produced by R software implied that the autocorrelation present in the series was insignificant. Hence, data were used without any modifications.
SWAT Model
The semi-distributed SWAT model [47] was developed for UKRB after preparing all input maps (DEM, land use and soil), weather database and tables. The model begins by delineating the basin into watersheds based on topography then creates Hydrological Response Units (HRU). HRUs are areas with similar characteristics of land use, slope and soil type. The basin was divided into 23 sub-basins and 296 HRUs. The model ran at daily and monthly time steps for 30 years from 1984-2013. Two years were used for model warm-up from 1984 to 1985. Calibration was done at two hydrological stations, Hooks bridge and Machiya, for 10 years (1986-1995), and validation period was 10 years for Hooks bridge (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) and four years (1996-1999) for Machiya station. Model calibration and validation were carried out for each of the 23 subbasins and were performed with SWAT Calibration and Uncertainty Programs (SWAT-CUP) based on Sequential Uncertainty Fitting version 2 (SUFI-2) as optimizing algorithm [48] . The model performance was evaluated with Nash-Sutcliffe Efficiency (E NS ) and coefficient of determination (R 2 ), which are two of the most frequently used criteria in hydrologic studies [49] . The two indicators are expressed as:
where Q obs is observed runoff, Q sim is simulated runoff, Q obs is mean observed runoff, Q sim is simulated mean runoff and n is the total number of entries. E NS evaluates how well observed and simulated data fit: a perfect fit has E NS = 1; E NS > 0.75 signifies very good performance of a model; and E NS > 0.5 means performance is acceptable or satisfactory. R 2 has a similar evaluation scale as E NS [50] . Due to lack of observed soil moisture data in the study area, simulated soil water content was evaluated by comparing the drought index with reported drought events in this region.
Results
Applicability of SWAT Model
SWAT model calibration and validation were based on daily and monthly runoff depth as shown in Table 3 . At Hook Bridge, daily and monthly evaluation indicators E NS and R 2 were above 0.65, reaching a maximum value of 0.78. Monthly calibration and validation yielded better results compared to daily time step. Meanwhile, at Machiya station, monthly evaluation indicated performance ratios between 0.71 and 0.86. The obtained indicators showed that performance of SWAT model in simulating runoff was reasonable. Figure 3 compares observed and modeled runoff depth at Hook Bridge. Monthly time series of river discharge and soil available water content were obtained from SWAT files for the period of 1986-2013, from which SSI and SRI were computed. Sutcliffe Efficiency ( ) and coefficient of determination ( ), which are two of the most frequently used criteria in hydrologic studies [49] . The two indicators are expressed as:
where is observed runoff, is simulated runoff, is mean observed runoff, is simulated mean runoff and n is the total number of entries.
evaluates how well observed and simulated data fit: a perfect fit has = 1; 0.75 signifies very good performance of a model; and 0.5 means performance is acceptable or satisfactory. has a similar evaluation scale as [50] . Due to lack of observed soil moisture data in the study area, simulated soil water content was evaluated by comparing the drought index with reported drought events in this region.
Results
Applicability of SWAT Model
SWAT model calibration and validation were based on daily and monthly runoff depth as shown in Table 3 . At Hook Bridge, daily and monthly evaluation indicators and were above 0.65, reaching a maximum value of 0.78. Monthly calibration and validation yielded better results compared to daily time step. Meanwhile, at Machiya station, monthly evaluation indicated performance ratios between 0.71 and 0.86. The obtained indicators showed that performance of SWAT model in simulating runoff was reasonable. Figure 3 compares observed and modeled runoff depth at Hook Bridge. Monthly time series of river discharge and soil available water content were obtained from SWAT files for the period of 1986-2013, from which SSI and SRI were computed. 
Temporal Analysis of Droughts
Identification of Historical Droughts Based on Different Indices
Temporal variations of drought indices are shown in Figure 4 . It can be noted that all indices depict similar patterns but contrasts in severity and duration of drought episodes (Table 4) Figure 4 ) identified by indices applied in this study were investigated. The meteorological and agricultural indicators at three-month time scale were compared as shown in Figure 5a ,c,e, while the hydrological drought index SRI, was compared with annual indicators SPI, SPEI and SSI as illustrated in Figure 5b ,d,f. As shown in Figure 5a ,b, all of the drought indices capture the evolution of the 1991/1992 drought. At three-month time scale, SPI and SPEI detect the initiation of this drought in January, before SSI identifies it in February as indicated in Figure 5a . Whereas SPI and SSI detect it as an extreme drought, SPEI capture it as a severe event. However, all indices indicate temporal variation during propagation of the drought. SSI is first to terminate in May but immediately after evolves into a mild drought. SPI and SPEI terminate almost at the same time, in July and August, respectively. While SPI ascends in a steady pattern, SPEI shows a drastic drop in index value then eventually terminates the drought. It can be noted that SPI exhibited the greatest response to drought conditions. SSI lagged in initiating the drought but terminated early. Evolution of SPI and SPEI were similar though severity shown by SPEI was larger. In Figure 5b , indices depicting hydrological drought conditions are all in phase. SPI-and SPEI-12 initiate and terminate almost at the same time. SRI-3 and -12 both exhibit a lagging tendency with initiation and termination of the drought: SRI-3 lagged by three months while SRI-12 delayed by five months. SSI is less sensitive and identifies a mild drought. Temporal variability of annual-scale indicators was less compared to three-month indices.
The 1994/1995 drought was equally as severe as the 1991/1992 event with a decrease in precipitation of 30.48% compared to the regional mean. In Figure 5c , SPI-3 and SPEI-3 could detect the onset and termination of this event. SSI-3 lags but identifies the drought though intensity is less compared to SPI-3 and SPEI-3. Twelve-month aggregate indicators in Figure 5d are all in phase; they initiate this drought in February 1994 and terminate it at the end of 1996 rainy season. All indices clearly identify the severity of this event, and they initiate and terminate at almost the same time.
During 2004/2005 drought, SPI-3 and SPEI-3 properly captured the beginning of the drought, SPI responds the most to show it as an extreme drought compared to SPEI, though SPI terminates it earlier than SPEI. SSI-3 identifies a mild drought. On the other hand, in Figure 5f , SRI shows a significant lag in reaction, and detects this drought as moderate. SSI fails to detect any abnormality. SPI and SPEI detect the 2004/2005 drought as extreme and severe events, respectively. Apart from SSI, all twelve-month indices have almost the same duration.
Evolution of Drought Indices for Major Droughts
The evolution of three major droughts of 1991/1992, 1994/1995 and 2004/2005 (Figure 4) identified by indices applied in this study were investigated. The meteorological and agricultural indicators at three-month time scale were compared as shown in Figure 5a ,c,e, while the hydrological drought index SRI, was compared with annual indicators SPI, SPEI and SSI as illustrated in Figure 5b ,d,f. As shown in Figure 5a ,b, all of the drought indices capture the evolution of the 1991/1992 drought. At three-month time scale, SPI and SPEI detect the initiation of this drought in January, before SSI identifies it in February as indicated in Figure 5a . Whereas SPI and SSI detect it as an extreme drought, SPEI capture it as a severe event. However, all indices indicate temporal variation during propagation of the drought. SSI is first to terminate in May but immediately after evolves into a mild drought. SPI and SPEI terminate almost at the same time, in July and August, respectively. While SPI ascends in a steady pattern, SPEI shows a drastic drop in index value then eventually terminates the drought. It can be noted that SPI exhibited the greatest response to drought conditions. SSI lagged in initiating the drought but terminated early. Evolution of SPI and SPEI were similar though severity shown by SPEI was larger. In Figure 5b , indices depicting hydrological drought conditions are all in phase. SPI-and SPEI-12 initiate and terminate almost at the same time. SRI-3 and -12 both exhibit a lagging tendency with initiation and termination of the drought: SRI-3 lagged by three months while SRI-12 delayed by five months. SSI is less sensitive and identifies a mild drought. Temporal variability of annual-scale indicators was less compared to three-month indices.
During 2004/2005 drought, SPI-3 and SPEI-3 properly captured the beginning of the drought, SPI responds the most to show it as an extreme drought compared to SPEI, though SPI terminates it earlier than SPEI. SSI-3 identifies a mild drought. On the other hand, in Figure 5f , SRI shows a significant lag in reaction, and detects this drought as moderate. SSI fails to detect any abnormality. SPI and SPEI detect the 2004/2005 drought as extreme and severe events, respectively. Apart from SSI, all twelve-month indices have almost the same duration. 
Drought Duration, Intensity and Frequency
Drought duration, intensity and frequency were analyzed (Table 5) . At three-month time-scale, drought characteristics of SPEI are generally consistent with SPI results. The average drought duration for SPEI is eight months while SPI recorded five months. SRI and SSI have average duration of 19 and 13 months, respectively. Mean drought intensity for SPEI is 1.00, while SPI has 0.92. SPI has a higher frequency of 60% followed by SPEI at 50%. At twelve-month time scale, results for SPEI and SPI were quite consistent. Average duration for SPI, SPEI, SSI and SRI are 24, 29, 31 and 22 months, respectively. SPEI-12 has the longest duration of a drought event at 55 months while SSI-12 has the lowest frequency of 10.0%. 
Trend Analysis and Correlation between Meteorological and Hydrological Drought Indices
Monotonic trends for SPEI and SRI were assessed at multiple time scales (Table 6) . Positive values indicate an increasing tendency while negative values signify a decreasing trend. According to MK monthly analysis, SPEI-3 exhibited a significant decreasing tendency in June, September and October. The rest of the months were mostly negative but the change was insignificant. SPEI-12 also displayed a decreasing tendency but the change was insignificant. Conversely, SRI-3 and -12 exhibited increasing tendency, with SRI-12 having significant results from August to December. Annual analysis exhibited decreasing trend for SPEI at all time-scales while SRI showed an increasing trend. Seasonally, during the rainy season (November-April), SPEI showed decreasing tendency though not significant while SRI exhibited an increase with 95% significance level. During the cool-dry season (May-August) and hot-dry (September-October), both SPEI and SRI showed significant decreasing and increasing tendency in results, respectively. Figure 6 shows Pearson correlation coefficient (R) between SRI and SPEI at multiple scales. Positive correlation values are obtained, an indication that increase in rainfall determines increase in runoff. The analysis reveals that high correlation coefficients are obtained when SPEI is between 8 and 18 months, with R reaching peak value of 0.54 at SRI-1 and -3, and SPEI-9 and -10 aggregates, respectively. It is also noted that SRI at shorter time scales (one and three months) reaches peak at lower SPEI values compared to SRI-12. SRI-12 exhibits the highest correlation at longer aggregates of meteorological drought indices. Temporal variability between SRI coefficients as SPEI time scale increased was also gradual as seen especially between SRI-1 and -3. 
Discussion
To understand characteristics of droughts in UKRB, which is a data scarce region, an integrated approach involving observed data and SWAT hydrological modeling was applied to characterize droughts. This study investigated meteorological, agricultural and hydrological droughts simultaneously by applying well established standardized indices representing different components of the hydrological cycle for the period 1984-2013.
Performance of Indices
It was noted that all drought indices exhibited similar and consistent results, even if they were calculated from different input data. Although characteristics showed varying temporal properties, they identified important events that occurred during the study period. It has been reported that in the last 30 years, the study region experienced droughts in the seasons of 1991/1992, 1994/1995, 1997/1998, 2000/2001, 2002/2003, 2004/2005 and 2008/2009 [26,28,51-53] . It is also stated that drought episodes during 1991/1992, 1994/1995 and 2004/2005 were the most severe, with the 1991/1992 event being the most intense. All indices in this study except SSI-12 identified the major events, providing an indication that they can be applied for use. Analysis of the evolution of drought indices during typical droughts of 1991/1992, 1994/1995 and 2004/2005 showed that all indices captured the drought properties fairly well.
Further, SWAT model output based indices SSI and SRI captured most temporal characteristics of droughts, an indication that the model captured important hydrological processes in the basin. This was also validated by the evaluation indicators, and (Table 3) which ranged from 0.66-0.86 and were above the model performance benchmark of 0.5 [50] . The agricultural drought indicator SSI which is a proxy for simulated soil water content was compared to historical droughts to validate its usefulness. The performance of SSI was fair; it captured the major agricultural droughts which were also highlighted by [28] , however, during the 2004/2005 drought, both SSI-3 and SSI-12 failed to express the severity. Considering lack of soil moisture data, the model calibration could not reach a higher level of accuracy. Compared to other indices, SRI and SSI had a lagging effect because the two indices are based on an interaction of more than one variable in the basin. SRI and SSI exhibit a slow response to precipitation because agricultural and hydrological droughts are not only linked to climatic variables (precipitation, temperature, etc.) but also heterogeneous geologic factors, soil type, topography, drainage area size, vegetation cover and human modifications in the catchment. 
Discussion
Performance of Indices
Further, SWAT model output based indices SSI and SRI captured most temporal characteristics of droughts, an indication that the model captured important hydrological processes in the basin. This was also validated by the evaluation indicators, E NS and R 2 (Table 3) which ranged from 0.66-0.86 and were above the model performance benchmark of 0.5 [50] . The agricultural drought indicator SSI which is a proxy for simulated soil water content was compared to historical droughts to validate its usefulness. The performance of SSI was fair; it captured the major agricultural droughts which were also highlighted by [28] , however, during the 2004/2005 drought, both SSI-3 and SSI-12 failed to express the severity. Considering lack of soil moisture data, the model calibration could not reach a higher level of accuracy. Compared to other indices, SRI and SSI had a lagging effect because the two indices are based on an interaction of more than one variable in the basin. SRI and SSI exhibit a slow response to precipitation because agricultural and hydrological droughts are not only linked to climatic variables (precipitation, temperature, etc.) but also heterogeneous geologic factors, soil type, topography, drainage area size, vegetation cover and human modifications in the catchment.
Characteristics of Droughts
Analysis of drought characteristics revealed that with the exception of SRI-3, indices on three-month aggregate had low drought duration and intensity but high frequency compared to those on 12-month timescale. The basin experienced shorter but more frequent meteorological droughts compared to agricultural and hydrological droughts. A comparison of results between SPI-3 and SPEI-3 showed that SPEI captured the highest intensity (1.00) and average drought duration (eight months) but frequency increased when SPI was used (60%). This suggests that drought episodes were influenced more by a combination of precipitation deficit and high temperature, which may have delayed moisture replenishment in the atmosphere thereby delaying streamflow and moisture storage based processes. Recent studies in this region have indicated that summer temperatures have been increasing at a high rate (0.6 • C/decade) and precipitation decreasing due to climate change [27, 54, 55] . An increase in temperature may have triggered a rise in PET. A study on global warming observed that an increase in temperature results in an increased demand for PET leading to less precipitation and more drought conditions. This implies that results from SPEI are more consistent if climate change is taken into consideration [14] .
The drought trend analysis results, though exhibiting mostly statistically insignificant results showed contrasting results for SPEI and SRI. Results from SPEI implied that the severity of droughts in UKRB has been on the increase while SRI suggests otherwise.
The relationship between meteorological and hydrological droughts was analyzed using SRI and SPEI at different aggregates. The response of runoff to SPEI was higher at longer timescales an indication that runoff generation is slow due to catchment characteristics such as geology, climate, basin size and land cover. The maximum correlation (R = 0.54) was obtained when SPEI was at nine-and ten-month aggregate, which coincides with the low flow season. A study exploring the connection between meteorological and hydrological droughts in a humid temperate region made similar observations, i.e., high correlations were found during low flow periods [56] . This result shows that streamflow is influenced more by precipitation of the previous months. Most studies that have assessed the relationship between meteorological and hydrological droughts have found the strongest linkage at SRI one-month timescale scale and SPI/SPEI 1-4 months [57] [58] [59] but, in our case, the highest correlation occurred for SPEI 8-15. This deviation could have arisen due to local characteristics of the basin and climatic zone hence causing a unique interaction between streamflow, precipitation and temperature. However, the result was consistent with a study in the Limpopo River Basin where higher correlation was obtained when SPEI time scale was 6-8 months [52] .
Conclusions
In this study, characteristics of droughts were investigated using SPI, SPEI, SRI and SSI. The study concludes that, in UKRB, the average duration for meteorological droughts was 5-8 months, intensity was ≤1.00 and frequencies were above 50.0% compared to agricultural and hydrological droughts (average duration: 13-31 months; intensity: ≥1.02; and frequency: 10.0%-16.67%). All indices could identify the temporal variability of droughts but SPI and SPEI exhibited the best performance by capturing the evolution and severity of all reported droughts. SWAT successfully simulated runoff and soil moisture in the humid subtropical basin hence can be applied for research. Possible drought trends were evaluated using Mann-Kendall on SPEI and SRI. The indices depicted contrasting results but SPEI suggested that the period 1984-2013 had an increase in drought severity trends. Therefore, from a water resources management point of view, this would call for more preparedness and awareness to reduce vulnerability to future drought events. The correlation between SPEI and SRI revealed that SPEI at nine-and ten-month time scale has a strong link with SRI, hence can be used to monitor hydrological droughts when there is limited data.
Overall, the use of different indices representing different components of the hydrologic cycle integrates many factors that affect and trigger droughts, thus can aid in providing a wider understanding of characteristics of droughts on various water sectors, which a single index or method could fail to identify. The use of hydrological modeling in drought study also provides a powerful tool in data scarce regions. Findings of this research will be useful to water resources managers involved in drought planning and mitigation. Moreover, this study forms a basis for more informed application of standardized indices and sets a base to investigate the impacts of anthropogenic activities and climate change on streamflow, and how that affects industrial and municipal water supply, hydropower generation and agriculture activities downstream.
